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Abstract: Objectives: Night-time light images have been widely used in human activity analysis, social
economy estimation and other aspects. However, on night-time light images, farmland fire pixels caused
by burning fields are easily confused with the urban light pixels, which interferes with the socioeconomic as-
sessments using night—time light images. Based on the radiance time series characteristics of pixels, the
farmland fire pixels on night—time light images can be identified through the random forest method. Methods: 10
continental countries in southern Africa were taken as the research area. Based on Black Marble product
produced by national polar-orbiting partnership(NPP)/visible infrared imaging radiometer(VIIRS) data,
three characteristics of the time series of night—time light radiance were constructed, and the random forest
classification method was used to divide the pixels into farmland fire pixels, stable light pixels, and black

pixels. Results: Stratified random sampling was used to manually test the classification accuracy, using
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time series of night-time light data, high resolution satellite images and land cover data. Results show that

the overall accuracy of pixel classification is 91.2% , the average producer accuracy is 91.9% , and the average

user accuracy is 91.0% . Among them, the producer accuracy and user accuracy of farmland fire pixel classi-

fication are 86.4% and 92.6% , respectively. Conclusions: The random forest classification method was

used to classify the pixels on night—time light images into farmland fire pixels, stable light pixels and black

pixels with high accuracy. The proposed method can be used to filter out farmland fire pixels in Black Mar-

ble products, so as to improve the evaluation accuracy for African social economy using night-light images.

Key words: night-time light remote sensing; NPP/VIIRS; Black Marble product; southern Africa; farm-

land fire
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Fig. 7 Identification Results of Farmland Fire Pixels Near Lusaka
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Table 7 Classification Results Statistics of 10 Countries in Southern Africa
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Fig. 9 Detection of Fire Point Products on Farmland Fire Pixels Near Lusaka
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Fig. 10 Detection of Fire Point Products on Farmland Fire Pixels Near Huambo
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Fig. 11 Detection of Fire Point Products on Farmland Fire Pixels Near Umtata

PEMII LR F 1 A RO AR LA R KRR
HH B A R TR AL R A AR 6 A — 11 H AR e Ak
A IS E] 7 10 o A, AR SCIRUA Y A A R o
] RE A DR KR AR B A AR Rl D R
PRI R SR BERER . AEARSRBE TS, W25 N TR
AW A= A A AL A A T ] 7 E A 26 4%,
AT AR A T R I 1) B AR A Landsat 3220016
BT S i IR RE A, L3 i Rk T KRR R 40 2
Wi o

5 & iE

AR SC LA R R AR I b X 10 A4S K il [ R A A
ST X 3, F) B 2% Black Marble 7 )G 52 1% 44 i 48
2L JUHRE ] RF 20 28 7 B2 ot 4 b
MR ZR o AR B KAR R B I IR = 4 BB
BB ESLNSEKEE 12K, P A H
KGR 91.9% , A PR BE R 91.0% , Horpfk H
KARFE 53 0 A 7 RS BE R T P ORG BE 43 i
86.4% M 92.6% . K& HEZEA H KGR TEN
AP E ARG ETE 850 LA b & A KR 4y 251
FH PR B ¥ 8 T 90 %0, 4 5 OKG B Re il 2 1 7
Ko EI0NERMBEAG T 5 LR E R E
HAEBGE LR NEE KR E, S LREN N
FaoE AT MR R o A SCHE I TR BB AT AR I
WA TR KRR R R A, A]

F A J7 1 3E 5 Black Marble 72 5 0 # 4 [ k1%
L8 A AR A S 2 TR R
PR IZ 7 i 0 BT DA N B 2 ) T R .

(1] E, 2E . RROLE Bz 1] Me
i, 2015, 44(6): 591-601.

LI Deren, LI Xi. An Overview on Data Mining of
Nighttime Light Remote Sensing[J]. Acta Geodaeti-
ca et Cartographica Sinica,2015, 44(6): 591-601.

[2] LEVIN N, KYBA C C M, ZHANG Q L, et al.
Remote Sensing of Night Lights: A Review and an
Outlook for the Future[J]. Remote Sensing of Envi-
ronment, 2020, 237: 111443.

[3] JUNG M C, KANG M Y, KIM S. Does Polycen-
tric Development Produce less Transportation Car-
bon Emissions? Evidence from Urban Form Identi-
fied by Night-Time Lights Across US Metropolitan
Areas[J]. Urban Climate, 2022, 44. 101223.

[4] HE X, YUAN X D, ZHANG D H, et al. Delinea-
tion of Urban Agglomeration Boundary Based on
Multisource Big Data Fusion: A Case Study of
Guangdong - Hong Kong - Macao Greater Bay Area
(GBA)[J]. Remote Sensing, 2021, 13(9): 1801.

[5] b=y, M8, &, 4. BUE —SREE
AR PEAL (7] DU (5 BB
2023, 48(8):1273-1285.

ZHONG Qiangian, XIAO Rui, CAO Hanrui, et al.



2084

DR 2 R (R

ISR Y

2025 410 H

(6]

[7]

[8]

[9]

[10]

[11]

[12]

Evaluation of Qimingxing—1 Nighttime Light Image
[J]. Geomatics and Information Science of Wuhan
University, 2023, 48(8):1273-1285.

CHEN J Q, WEI H, LI N, et al. Exploring the
Spatial-Temporal Dynamics of the Yangtze River
Delta Urban Agglomeration Based on Night-Time
Light Remote Sensing Technology[J]. IEEE Jour-
nal of Selected Topics in Applied Earth Observa-
tions and Remote Sensing, 2020, 13: 5369-5383.
BERGANTINO A S, DI LIDDO G, PORCELLI
F. Regression-Based Measure of Urban Sprawl for
Italian Municipalities Using DMSP-OLS Night-
Time Light Images and Economic Data[J]. Applied
Economics, 2020, 52(38): 4213-4222.

HE X, ZHANG Z M, YANG Z J. Extraction of Ur-
ban Built-up Area Based on the Fusion of Night—
Time Light Data and Point of Interest Data[J]. Royal
Society Open Science, 2021, 8(8): 210838.

PAN W B, FU H M, ZHENG P. Regional Pover-
ty and Inequality in the Xiamen-Zhangzhou-Quan-
zhou City Cluster in China Based on NPP/VIIRS
Night-Time Light Imagery [J].
2020, 12(6): 2547.

LIANGHD, GUOZY, WUIJP, etal. GDP Spa-
tialization in Ningbo City Based on NPP/VIIRS
Night-Time Light and Auxiliary Data Using Ran-

Sustainability,

dom Forest Regression[J]. Advances in Space Re-
search, 2020, 65(1): 481-493.

IVAN K, HOLOBACA I H, BENEDEK J, et al.
Potential of Night-Time Lights to Measure Regional
Inequality[ J]. Remote Sensing, 2020, 12(1): 33.
EL, ULEE, AR4RIE, . BTG IEAL A T Y
o X O R B RCR A L] R KB R
(5 BRHEMD) , 2023, 48(12): 1914-1922.

LI Xi, GONG Yu, SHAO Zhenfeng, et al. Evalua-
tion of China’s Aid to Central Asia from the Perspec-
tive of Night-Time Light Remote Sensing[J]. Geo-
matics and Information Science of Wuhan Universi-
ty, 2023, 48(12): 1914-1922.

STATHAKIS D, BALTAS P. Seasonal Popula-
tion Estimates Based on Night-Time Lights [J].
Computers,
2018, 68: 133-141.

SONG JC, TONG XY, WANG L Z, et al. Moni-

toring Finer-Scale Population Density in Urban

Environment and Urban Systems,

Functional Zones: A Remote Sensing Data Fusion
Approach [J].
2019, 190: 103580.

HE M, XU Y M, LI N. Population Spatialization in

Landscape and Urban Planning,

Beijing City Based on Machine Learning and Multi-

[16]

[18]

[19]

[23]

[24]

[25]

source Remote Sensing Data[J]. Remote Sensing,
2020, 12(12): 1910.

VERNON HENDERSON J, STOREYGARD A,
WEIL D N. Measuring Economic Growth from Outer
Space[J]. The American Economic Review, 2012,
102(2): 994-1028.

JIANG S N, WEI G E,ZHANG Z K, et al. Detecting
the Dynamics of Urban Growth in Africa Using
DMSP/OLS Nighttime Light Data [J]. Land,
2021, 10(1): 13.

LIX, GEL L, CHEN X L. Detecting Zimbabwe s
Decadal Economic Decline Using Nighttime Light

Imagery [J]. Remote Sensing, 2013, 5(9) : 4551~
4570.
B, ZEA, B BRI L R B0k

P SPLBT]. REEY S E SR, 2021, 27(6):
17-22.

ZHANG Yue, LI Zhong, QU Chunhong. Agricultural
Modernization in Africa: Status Quo, Challenges and
Opportunities [J]. Food and Nutrition in China,
2021, 27(6): 17-22.

GIGLIO L, DESCLOITRES J, JUSTICE C O, et
al. An Enhanced Contextual Fire Detection Algo-
rithm for MODIS [J]. Remote Sensing of Environ-
ment, 2003, 87(2-3): 273-282.

SCHROEDER W, OLIVA P, GIGLIO L, et al.
The New VIIRS 375 m Active Fire Detection Data
Product: Algorithm Description and Initial Assess-
ment [J]. Remote Sensing of Environment, 2014,
143: 85-96.

ELVIDGE C,ZHIZHIN M,HSU F C,et al. VIIRS
Nightfire: Satellite Pyrometry at Night[J]. Remote
Sensing, 2013, 5(9) : 4423-4449.

ROMAN M O, WANG Z S, SUN Q S, et al.
NASA’ s Black Marble Nighttime Lights Product
Suite [ J].
210: 113-143.

LI X, SHANG X Y, ZHANG Q L, et al. Using

Remote Sensing of Environment, 2018,

Radiant Intensity to Characterize the Anisotropy of
Satellite-Derived City Light at Night [J].

Sensing of Environment, 2022, 271: 112920.
LIX, MA R, ZHANG Q, et al. Anisotropic Charac-

Remote

teristic of Artificial Light at Night=Systematic Inves-
tigation with VIIRS DNB Multi-temporal Observa-
tions [J].
233: 111357.

JUN C, BAN Y F, LI S N. Open Access to Earth
Land-Cover Map[J]. Nature, 2014, 514: 434.
BELGIU M, DRAGUT L. Random Forest in Re-

mote Sensing: A Review of Applications and Future

Remote Sensing of Environment, 2019,



#3 50 #4510 3] WD E 4 VIIRS BOERE R A< HLKAR R YU T ik 2085
Directions [J]. ISPRS Journal of Photogrammetry 47(1): 297-303.
and Remote Sensing, 2016, 114: 24-31. [30] #ulak, Axh, nhom, 4. 26138 B AR 09 f &

[28]

[29]

B, EWE, ERE, & BT 2 RERE LA
AR B DI L R g 26 [T]. S
2022, 41(3): 632-640.

LI Mingjie, WANG Mingchang, WANG Fengyan,
et al. Land Use Classification in Shenzhen Based on
Algorithm  [J].
World Geology, 2022, 41(3): 632-640.

B3, LA, FRE, S AT REPLAR MR Y
B DX A 3t T 2 2R AT 5T (D], AL HUBE 27 4
2016, 47(1): 297-303.

MA Yue, JIANG Qigang, MENG Zhiguo, et al.

Classification of Land Use in Farming Area Based on

Multi—features Random Forest

Random Forest Algorithm [J]. Transactions of the
Chinese Society for Agricultural Machinery, 2016,

[31]

JER R B Ly kT S 5 0F 5 [T ]
2021, 30(6): 67-76.
YANG Xiaoyu, YU Qin, YE Qiang, et al. An Ear-

ly Warning Platform of Mountain Fire in Transmis-

HAR R E 4,

sion Corridor Based on Remote Sensingl[J]. Journal
of Natural Disasters, 2021, 30(6): 67-76.

FRY, A Ei T, & RUE ., 5. 2 TR BERER
MM BRI T]. ek 2= 561% 43 BT, 2023, 43(3) .
917-926.

YIN Junyue, HE Ruirui, ZHAO Fengjun, et al.
Research on Forest Fire Monitoring Based on Multi-
source Satellite Remote Sensing Images [J]. Spec-
troscopy and Spectral Analysis, 2023, 43 (3) :
917-926.

(4552047 1)

[31]

[32]

[33]

Using Dynamic Upsampling Filter Deep Network
[J]. Geomatics and Information Science of Wuhan
2021, 46 (11) 1716-1726.
DONG C, LOY C C, HE K M, et al. Image Su-

University,

per-Resolution Using Deep Convolutional Networks
[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2016, 38(2): 295-307.
GOODFELLOW I, POUGET-ABADIE J, MIR-
ZA M, et al. Generative Adversarial Nets [C]//
The 28th International Conference on Neural Infor-
mation Processing Systems, Bali, Indonesia, 2022.
REJOAG . PMRE, B Mg, 55 . —Fh 2k T 2 PR A s
X e 19 & (1 B T 1 [T ). DU 2 2 4 (R
R RR) L 2021, 46(6) : 807-815.

LU Chuanwei, SUN Qun, ZHAO Yunpeng, et al.

A Road Extraction Method Based on Conditional
Generative Adversarial Nets[J]. Geomatics and In-
Jormation Science of Wuhan University, 2021, 46
(6): 807-815.

FNE, A, BREW, L PRERFEKHEAZAKIM]
Jent: BRI AL, 2021 148-149.

YU Rucong, LI Jian, CHEN Haoming, et al. Daily
Variation of Precipitation in China[ M ]. Beijing: Scien-
ce Press, 2021: 148-149.

A . KLU 10 8 kR /K Sl 4 [ fie )R
D] R RBOREE, 2020.

TAN Weiwel.

Based Precipitation Data over the Yangtze River

Spatial Downscaling of Satellite—

Economic Belt [D]. Wuhan: Wuhan University,
2020.





